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Abstract. Warm stamping techniques have been employed to solve the formability problem in 
forming aluminium alloy panels. The formability of sheet metal is a crucial measure of its ability for 
forming complex-shaped panel components and is often evaluated by forming limit diagram (FLD). 
Although the forming limit is a simple tool to predict the formability of material, determining FLD 
experimentally at warm/hot forming condition is quite difficult. This paper presents the artificial 
neural network (ANN) modelling process to predict FLDs based on some experimental results 
(different temperature, 20°C-300°C and different forming rates, 5-300 mm.s-1). It is shown that the 
ANN can be trained to predict the FLDs and there is a good agreement between experimental and 
neural network results 
Introduction 
In recent years, there has been an increasing trend for using lightweight materials, such as 
aluminum alloys, particularly for automotive applications. Aluminium alloys are a natural choice due 
to their high strength/weight ratio, and they are being used as replacements for steel in many sheet 
metal parts [1]. Although aluminium alloys have many advantages compared with steel, their wider 
application has been hindered partly due to their relatively low formability at room temperature, 
which results in some difficulties to manufacture complex-shaped components with aluminium 
alloys.  
Warm stamping techniques have been employed to solve the formability problem in forming 
aluminium alloy panels. The ductility of these alloys increases with increasing temperature and/or 
deceasing forming rate, thus processes that have these two features will enable complex-shaped 
aluminium sheet components to be formed [2]. The formability of sheet metal is a crucial measure of 
its ability for forming complex-shaped panel components and is often evaluated by forming limit 
diagram (FLD). This diagram can be used to determine the limit to which a sheet metal can be 
deformed before its failure in particular forming processes. A forming limit diagram (FLD) shows 
the critical combinations of major and minor strains in a metal sheet at the onset of necking and 
provides information for a process engineer to optimise process conditions such as material condition, 
tool features and lubrication. The concept of FLDSs was introduced by Keeler (1965) [3], who 
developed a principle to establish the relationship between the surface principal strains, e1 and e2, at 
fracture. The relationship is presented as a curve and if the orthogonal principal strain set, at all 
positions in a deforming sheet, lies below it a sound product will result and if above, failure will 
occur. Several factors affect the FLC including sheet thickness, temperature, strain rate and grain size 
and strain hardening exponent. In a warm stamping process, the metal sheet is normally warm and 
 the tool is relatively cool. Temperature and strain rate are changed dynamically with both time and 
location in the sheet metal. In warm forming condition, it is exceptionally challenging to determine 
the FLD of the material accurately, because there are many variables can influence the formability 
and failure mode of the material such as friction [4], temperature and strain rate [5]. Forming limits 
are normally evaluated using cylindrical dome and flat punch drawing processes [6, 7]. Due to the 
above mentioned variables the failure always occurring at the mid-span of the work-piece for both 
flat and spherically nosed punches. For many process conditions, deformation is very little at the 
centre of the work piece. Therefore, determining and prediction of the FLD at different extreme 
conditions could be achieved by an accurate model and may require complex calculations and 
expensive advanced computational analyses, which are time consuming. Therefore, the main aim of 
this work was to develop an ANN model to predict the FLDs for AA5754 at warm forming condition. 
Some FLD diagrams for these alloys were obtained experimentally at certain cases.  
 
Experimental FLD test 
 
   Test-pieces were prepared from commercial alloy AA5754 that has good corrosion resistance, 
weldability and formability. The material was supplied by Novelis UK Ltd in the form of 400 x 400 
x 1.5 mm sheet, in H111 condition. It has a 0.2% proof stress of 121 MPa, a tensile strength of 234 
MPa and an elongation (A80) of 25%. The FLC tests were carried out at various temperatures up to 
300 °C and forming speeds ranging from 5 ± 300 mm/s. The geometry of the test-piece was a circular 
blank with a central parallel edged waist (Fig. 1a), based on ISO 12004-2:2008 standard. The rolling 
direction of the material was parallel to the longitudinal axis of the waist. In-situ online measurement 
systems such as GOM ARAMIS systems are often used to obtain strain distribution and limit strains 
in the FLCs at room temperature. For tests at elevated temperatures, however, online measurement 
using such systems is more difficult due to the restriction of access and viewing of the test-piece 
during forming. For this reason, another optical system, GOM ARGUS was selected for the current 
study. This system measures strain by comparing the pre-applied regular pattern before and after 
forming. Fig. 1b shows the selected strain paths for the tests. Further experimental details can be 
found in [8]. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1. (a) Blank geometry for Nakajima type tests, and (b) Schematic drawing of FLC test points. 
  
  Examples of the isothermal FLC tested specimens are shown in Fig. 2. The numbers at the top of 
Fig. 2 are the geometry numbers corresponding to those in Fig. 1b, covering strain ratios from pure 
tensile to equibiaxial conditions. The experimental data for isothermal FLD tests are shown in Fig. 
3a and 3b for different temperatures and strain rates. 
 
 Fig. 2 Test-SLHFHVRI$$IRUPHGDWDWHPSHUDWXUHRIÛ&DQGDIRUPLQJVSHHGRIPPV 
 
   A GOM-ARGUS system was used to process the strain profiles. Minor and major strains were 
obtained by using inverse parabolic fittings as described in ISO 12004-2:2008 standard. By analysing 
test-pieces with different geometries, data for different strain paths were determined and hence an 
FLC obtained. Fig. 3a shows refined experimental FLCs for different temperatures at a forming speed 
RIPPVDQGGLIIHUHQWIRUPLQJVSHHGVDWDWHPSHUDWXUHRIÛ&As shown by the symbols in Fig. 
3a, formability increases with increasing temperature as evidenced by the increase of the FLCs along 
the major strain axis. The increase is more significant at high temperature and much improvement in 
IRUPLQJOLPLWLVREVHUYHGIURPÛ&WRÛ&7KHLQFUHDVHLQIRUPDELOLW\IURPÛ&WRÛ&LV
DERXWWZLFHWKHLQFUHDVHIURPÛ&WRÛ&LQWKHSODQHVWUDLQUHJLRQ$VWHPSHUDWXUHLQFUHDVHV
the V-shape of the FLCs appears to flatten, showing that the effect of the minor strain on formability 
reduced. As shown by the symbols in Fig. 3b, the forming limit increases with decreasing forming 
speed, suggesting that the best ductility lies at low speeds for warm forming. It can be seen that when 
speed decreases from 300 mm/s to 75 mm/s, the forming limit increases slightly. But much more 
increase is observed from75 mm/s to 20 mm/s.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 3. Experimental FLDs for (a) different temperatures at a forming speed of 75 mm/s and (b) 
GLIIHUHQWIRUPLQJVSHHGVDWDWHPSHUDWXUHRIÛ& 
 
 
Neural network 
 
   The artificial neural networks (ANNs) are a powerful estimation tool that can be used in mapping 
any function whatever the number of variables controls that functions. The main problem associated 
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 with applying ANN is the limited amount of data that are used in training the network. The more the 
available data for training the more the accuracy can be achieved from the network estimate. In this 
case, the training set, that coming from practical experiments, is comparatively limited and should be 
pre-processed before applying the learning process of the ANN [9]. Such pre-processing aims at 
formalizing these numeric values in such a way that facilitates the learning process and requires lower 
degree of complexity of the network just to overcome the shortcoming of low number of training set 
on hand [10]. 
   For example, Fig. 4 shows the FLD, one of the experimental data used in training the network, at 
temperature of 250qC and forming rate 75 mm/s. the FLD is fully defined through a set of 12 points 
that cover the range of both major and minor strains. The typical design of the ANN in this situation 
is double input multiple output ANN. The inputs are the temperature (in qC) and forming rate (in 
mm/s), while the output is a set of vectors represent the points that control the FLD. The type of ANN 
used in this paper is the feed forward error back propagation ANN, which are commonly used in 
mapping all sort of functions. The ANN is designed to estimate the key points that control the FLD 
to produce the FLD with reasonable value of approximation error.  
   Fig. 4 shows the main points that control the estimated FLD. Those points are the start point (point 
number 1), the finish point (point number 5) and the critical point (point number 3). The pre-
processing step of the training sets needs extra points to enhance the fitting of FLD, in both ranges 
between points (1, 3) and points (3, 2), to match the actual ones. Two additional points will be used 
to describe the nonlinear behaviour of the FLD in both ranges after and before the critical point (3). 
Fig. 4 illustrates the using of the five key points in geometrical approximation of FLD with the 
resultant approximated curve with respect to the actual points.  
 
 
Fig.  4. The main five key points that controlling the FLD 
 
   The reduced control points in each training set of the experimental FLD data to only five points will 
be used in the training process of the networks at max approximation error of 5%. The approximation 
error is defined by the percentage difference between the experimental and predicted data. The 
experimental data of FLDs are used to train 4 different ANNs separately to control the five key points 
that describe the FLD, as shown in Fig. 5. The first network is used to estimate the starting and 
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 finishing point of the FLD (points 1 and 5). The second network is used to estimate the critical point 
at minimum major stain (point 3). The third and fourth networks, are used to estimate the nonlinearity 
control point before and after the critical point (points 2 and 4).  
 
 
Fig. 5. The structure of ANNs learning 
 
Fig. 6. Nonlinear deviation before and after the critical point 
 
   The estimated non-linearity factors are illustrated in Fig. 6 at the mid-point between point 1 and 3 
to estimate the coordinates of point 2, and at the mid-way between 3 and 5 to estimate the coordinates 
of point 4.  
   The ANNs were built and trained in the Matlab environment. The calculations performed at each 
neuron of input and hidden layers are determined by logistic sigmoidal activation function (LOGSIG), 
while the output layer is linear activation function (PURELIN), as illustrated in Fig. 7. The learning 
Non-linearity 
at point (2) 
N(2) 
Non-linearity at 
point (4) N(4) 
 is performed with Levenberg±Marquardt learning algorithm targeting the minimum value of (Mean 
Square Error) MSE. 
 
 
Fig. 7. The architecture of the different ANNs used to estimate control points 
 
   Fig. 8 shows the four different architecture of ANNs and the output vectors for each. The four 
ANNs are independent on each other to give higher degree of flexibility in learning and validating 
the result with the actual FLDs. This independency provides the ability of accurately controlling the 
estimated FLDs to satisfy the on-hand actual FLDs. Network No.1 (ANN1) is trained to estimate the 
major and minor strains at both start and end of FLDs that used as training sets.  Network No.2 
(ANN2) is the reasonable of estimation the both strains of the critical point at minimum major strain 
at point (3). Networks No. 3 and 4 (ANN3 and ANN4) are trained to estimate the nonlinear 
compensation before and after the critical point at points 2 and 4. 
 
Fig. 8. The four different ANNs used to estimate control points 
 
   Table 1 summarizes the data that used in training the four networks. The total number of the training 
sets is the five sets that characterise the different process parameters of the experimental FLDs at 
different temperature and forming rates as inputs to all networks. The outputs of each network at each 
training set is also presented accordingly. 
  
 
Table 1. The data of training sets 
Input 
T 20 200 250 300 250 250 
V 75 75 75 75 300 20 
 
Output 
ANN1 
H1(point 1) -0.165 -0.183 -0.208 -0.165 -0.146 -0.211 
H2(point 1) 0.414 0.453 0.521 0.548 0.417 0.602 
H1(point 5) 0.319 0.318 0.317 0.308 0.366 0.522 
H2(point 5) 0.354 0.368 0.396 0.439 0.406 0.580 
ANN2 
H1(point 3) 0.013 0.028 0.013 0.059 0.016 0.021 
H2(point 3) 0.212 0.229 0.264 0.367 0.245 0.356 
ANN3 N(2)(point 2) 0.025 0.036 0.029 0.040 0.026 0.032 
ANN4 N(4)(point 4) 0.007 0.002 0.012 0.007 0.008 0.013 
 
 
Training of ANN 
    A neural network model enabling to predict FLCs of AA5754 aluminium alloy sheets was 
developed. The experimental results used to train and build up the ANN are provided in Figs. 3a and 
3b. Based on the iterative approach used in ANN, the fitting of the ANN FLCs with experimental 
FLCs is an excellent result as shown in Figs. 8a and 8b. These results proved that the ANN is trained 
successfully and provides a robust tool which will be able to predict the FLCs at different combination 
of temperatures and strain rates which are out of the defined boundaries for training data used in the 
ANN. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 9. Comaprison of the predcited tarined ANN (solid Lines) and Experimental FLC data 
(symbols) for (a) different temperatures at a forming speed of 75 mm/s and (b) different forming 
VSHHGVDWDWHPSHUDWXUHRIÛ& 
 
Predicted ANN FLDs 
   After the network has been tarined using the avialable experimental data shown in Figs. 3a and 3b, 
the ANN is introduced to predict FLCs. The ANN is used to predict the FLCs at different temperatures 
(150°C, 225°C and 275°C) which are not used for training the ANN as shown in Fig. 10. From this 
figure, it is found that there is a good correlation between the predicted values of the optimum neural 
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 network model of these data and the trained data shown in Fig. 9a for AA5754 aluminum alloy. By 
comparison of the formability level at different temperatres, it is noticed that the predicted FLCs at 
all temperatres are in a reasonable feature as shown in Fig. 10. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 10. Predicted ANN FLDs for AA5754 at different temperatures and forming rate of 75 mm/s. 
 
Conclusions 
   This paper presents the artificial neural network (ANN) modelling for predicting FLCs at different 
temperatures (20 - 300°C) and different forming rates (20 - 300 mm/s). The outcome of this research 
is encouraging. The neural network model is built up and trained fairly well. According to 
comparisons, there is a good agreement between experimental and neural network results. It  correctly 
predicted the FLCs and it shows the effectiveness of the neural network technique to comprehend and 
solve complex problems. This technique can also be viewed as a tool to precict extreme virtual 
experimental cases whereby the effect of various variables can be assessed, which is physically just 
not possible. 
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